Abstract. Status observations of roofing material degradation are constantly evolving due to urban feature heterogeneities. Although advanced classification techniques have been introduced to improve within-class impervious surface classifications, these techniques involve complex processing and high computation times. This study integrates field spectroscopy and satellite multispectral remote sensing data to generate degradation status maps of concrete and metal roofing materials. Field spectroscopy data were used as bases for selecting suitable bands for spectral index development because of the limited number of multispectral bands. Mapping methods for roof degradation status were established for metal and concrete roofing materials by developing the normalized difference concrete condition index (NDCCI) and the normalized difference metal condition index (NDMCI). Results indicate that the accuracies achieved using the spectral indices are higher than those obtained using supervised pixel-based classification. The NDCCI generated an accuracy of 84.44%, whereas the support vector machine (SVM) approach yielded an accuracy of 73.06%. The NDMCI obtained an accuracy of 94.17% compared with 62.5% for the SVM approach. These findings support the suitability of the developed spectral index methods for determining roof degradation statuses from satellite observations in heterogeneous urban environments.
Introduction
Impervious surface mapping is an essential technique used in urban research because it is a key indicator of anthropogenic impacts in urban environments. Roof surfaces cover a large surface area in urban regions and are considered impermeable structures that prevent water infiltration. Consequently, these surfaces affect urban hydrological systems and climate change in urban environments. [1] [2] [3] Previous studies have noted the importance of mapping within-class roofing conditions to support urban sustainability and management because rooftops are made of different materials and degrade gradually over time as a result of aging and environmental factors. [4] [5] [6] [7] The degradation of roofing materials, particularly in regions with a tropical climate, has recently gained considerable interest. Building materials technology is being used to develop cooler commercialized roofs. Climates with high temperature and humidity commonly cause chemical reactions that accelerate the degradation of roofing materials. Moreover, weathered roofing materials with faded paint frequently lead to increased energy consumption over time. Such issues emphasize the importance of mapping roofing conditions over an area. 8 Furthermore, roof condition mapping is important in property insurance applications 9 and can help in estimating the costs of roof replacement and damaged roof repair. Chemical reactions that occur between weathered roof materials and environmental chemicals can have fatal effects and release harmful toxins to the environment.
residential areas according to roofing market surveys. 29 This study aims to explore the use of field spectroscopy data for developing spectral indices to determine the condition levels of metal and concrete roofs and to apply these indices in WV-3 data to map the distribution of roof conditions. Finally, a comparison with pixel-based classification based on support vector machine (SVM) is provided to highlight the effectiveness of the proposed indices.
Study Area
The study area is located at Taman Sri Serdang and the Faculty of Engineering, Universiti Putra Malaysia (UPM), which has a longitude of 3°00′24.24″ N and a latitude of 101°42′54.72″ E (Fig. 1) . The study area is ∼1.08 km 2 and covers the Faculty of Engineering, UPM, as well as residential and commercial areas. The residential and commercial areas consist of old and new buildings, with the old buildings having been developed over 10 years ago. The field survey indicates that normal concrete roofing material is mostly used for houses, whereas metal is mostly used for commercial buildings, such as shops. Furthermore, the school buildings in the study area use concrete and metal roofing materials. However, the conditions of roofing materials in the study area vary. For example, the Faculty of Engineering buildings use metal roofing materials with both new and weathered conditions. The surroundings in the study area are covered by impervious (e.g., roads, parking lots, and rooftops) and pervious surfaces (e.g., water bodies and vegetation).
Methodology
The overall methodology implemented in this study is shown in Fig. 2 .
Data Acquisition and Materials
This study used two sets of field spectroscopy data and WV-3 satellite imagery data, as shown in Fig. 2 . Field spectroscopy data were measured using an analytical spectral device (ASD) FieldSpec ® 3 spectroradiometer (ASD Inc., Boulder, Colorado) with wavelengths ranging from 350 to 2500 nm. Spectra measurements were conducted at the Faculty of Engineering, UPM (latitude N 3°00′20.25″ and longitude E 101°43′18.31″) in February 2013. The reflectance spectra measurements were obtained from 10 a.m. to 12 p.m. under natural sunlight and clear sky conditions. The spectrometer device used in this study was equipped with detectors that covered the visible to shortwave infrared-2 spectra, with a spectral resolution of 3 nm at 700 nm and 10 nm at 2100 nm. Measurements were conducted by placing the sample on the ground, and measurements were taken using the spectrometer device 1 m above the sample, 90 deg from nadir, and with a 25-deg field of view. Apart from field spectroscopy data, satellite imageries from WV-3 data were also used in this study for spectral index application. The data were acquired in December 2014 and covered the area of UPM and Serdang, Selangor.
Reflectance measurements were collected for concrete and metal roofing materials with new and weathered conditions. A total of 30 reflectance measurements were taken per sample, and 120 total measurements were obtained based on new and weathered condition samples for each material. During data acquisition, new roofing samples were bought from a construction materials store, because the new roofing materials in the study area were mostly used for newly developed buildings and renovated houses. However, in the case of weathered roofing materials, samples were obtained from houses or buildings whose old roofing tiles (which were mostly over 10 years old) were removed for renovation. Field inspection was performed across the study area to observe the condition of the roofing materials based on physical appearance and to interview the house owner. Weathered roofing materials are commonly characterized by the presence of lichens and faded paint on the surface, whereas new roofing materials commonly have a new and bright paint color. From the collected information, an inventory of roofing materials and their conditions for 1967 buildings and houses in the study area was recorded for reference and validation.
Field Spectroscopy Data Analysis
The spectral reflectance data acquired in this study covered the spectral range from 350 to 2500 nm. However, preprocessing is required to eliminate noise caused by atmospheric water absorption and sensor switches. 30 Noise ranges removed from the spectral data are represented by gray regions in the graph (Fig. 3) , which include the regions of 1350 to 1420 nm, 1800 to 1950 nm, and 2400 to 2500 nm. Thus, 1819 wavelengths were used in this analysis. The field spectral reflectance data collected in this study were obtained under uncontrolled conditions. Therefore, the L2 norm technique in Weka 3.6 Software 31 was applied to normalize the data set and reduce illumination differences caused by cloud movements during data collection. 32, 33 The spectral profiles of concrete and metal roofing materials are presented in Fig. 3 . The result indicates that both materials are easily identified based on their spectral signature curves. However, roof conditions are difficult to interpret because the spectral signatures of new and weathered materials generate similar spectral curves but with different reflectance values. Weathered roof reflectance is commonly lower than that of new roofs because of color changes (Fig. 3) . For example, the spectral characterizations of concrete roofs exhibit decreased reflectance values for weathered concrete in visible spectral region, which is indicated as a color change from reddish to gray. 8 Therefore, spectral discrimination analysis must be conducted over the entire electromagnetic spectrum range to efficiently distinguish among different condition statuses of similar materials. Discrimination analysis of roof spectra was performed by applying SVM, random forest (RF), and genetic algorithm (GA) feature selection techniques to find significant wavelengths sensitive to different conditions of roofing materials. The feature selection result was discussed in detail in Ref. 34. 
WorldView-3 Data and Preprocessing
WV-3 is a high-resolution multispectral sensor that was launched in August 2014. This sensor is equipped with panchromatic and multispectral bands, eight-band short-wave infrared (SWIR), and 12 CAVIS (stands for clouds, aerosols, water vapor, ice, and snow) imageries. However, this study utilized only eight multispectral WV-3 bands that covered visible to near-infrared (NIR) spectral regions (400 to 1040 nm), as shown in Table 1 . The spatial resolution of WV-3 is 1.24 m for multispectral bands and 31 cm for panchromatic imagery. The image was geometrically corrected to follow the Universal Transverse Mercator projection and the World Geodetic System 84 datum. The radiometric correction was performed using the quick atmospheric correction module available in Exelis Visual Information Solutions (ENVI) (Boulder, Colorado) Software to retrieve spectral reflectance from multispectral radiance images. After applying radiometric correction, multispectral band pansharpening was performed using the PANSHARP algorithm, 35 which improved the visualization of roofing materials.
Spectral Indices Development from Field Spectroscopy Data
The motivation for developing within-class impervious surface extraction indices is due to the complex processing and poor degree of automation associated with supervised classification schemes. 16 Previous studies developed indices based on field spectrometer data. The indices were developed via the exploitation of spectral signatures by identifying significant wavelengths that are sensitive to dissimilarities in a target's spectral response, 36, 37 which can denote a target compared to other features. 38 Therefore, this study uses significant wavelengths to discriminate between new and weathered roofing materials. These wavelengths were then used as input to develop band ratios. Description on the algorithms used represented by three feature selection algorithms, including the GA, RF, and SVM generated to identify the significant wavelengths sensitive to different concrete and metal roofing conditions, were presented in Ref. 34 . This study is a continuation of that study and expands upon the utilization of hyperspectral data in urban applications. Band ratio is a simple index that emphasizes object anomalies, which enhance class separations. 38 Band ratio can be developed by calculating (λ1∕λ2), where λ1 and λ2 are any band combinations from the obtained significant wavelengths. However, the ratio of possible band combinations has resulted in an immense number of band combinations. Therefore, the optimum index factor (OIF) was used to filter the most effective band combination based on the standard deviation and the correlation coefficient of the significant wavelengths. During the development of spectral indices, optimal band ratio is selected in two stages. In the first stage, the optimal band ratios for the three feature-selection algorithms are selected because different feature-selection algorithms generate various sets of significant wavelengths. 34 The optimal band ratio for each of the algorithms was selected based on the OIF calculation. Then, the most informative band ratio can be used to develop a normalized difference index. 39 Three optimal band ratios, which represent the three feature-selection algorithms, were selected. The band ratio used for the normalized difference concrete condition index (NDCCI) and the normalized difference metal condition index (NDMCI) was chosen by selecting a band ratio with a higher OIF value among the three optimal band ratios.
In Ref. 37, the OIF is described as a simple technique that can be implemented to evaluate the suitability of a possible band ratio for index development. The OIF calculation is presented in Eq. (1). An informative band ratio can be determined by observing the lower correlation values between bands, which indicate the dissimilarities between two spectral signatures. However, a high OIF value indicates that the band ratio provides significant information based on the variance.
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where Std is the standard deviation of significant wavelengths, and Corr is the correlation coefficient between the significant wavelengths of possible developed band ratios. The most informative band ratios with high OIF values were transformed into a general normalized difference index using Eq. (2), which standardizes the reflectance measurements and enhances objectdetection sensitivity.
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E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 1 1 6 ; 1 0 3 where Rðλ 1 Þ indicates the significant wavelength from the numerator of band ratio, and Rðλ 2 Þ denotes that significant wavelength from the denominator of band ratio. This study integrated two different data sets, which used field spectroscopy to develop the spectral indices, whereas WV-3 data were used to apply the spectral indices to detect roofing conditions. Hence, the difference in spectral properties of these two data should be considered. Only significant wavelengths within the range of 400 to 1040 nm were considered when developing the spectral index for mapping roof conditions in this study because of the high spectral resolution of field spectroscopy data. The spectral range was used to match with the spectral specifications of WV-3 satellite imagery data, similar to that in Ref. 44 , when applying field spectroscopy-based indices to a high spatial resolution satellite imagery.
Spectral Indices Application on WorldView-3
The spectral indices developed in this study focus on detecting the condition of concrete and metal roofs through the development of NDCCI and NDMCI. Subsequently, the developed spectral indices were applied to WV-3 to investigate the feasibility of using them in VHR satellite data. The developed indices proposed the use of significant wavelengths as input; therefore, spectral bands from WV-3 were used to represent the location of the significant wavelengths applied to NDCCI and NDMCI. The spectral bands that represented the significant wavelengths were determined according to the spectral range of multispectral WV-3 data provided in Table 1 .
The environment of the study area comprises a heterogeneous natural and artificial land cover. Therefore, the natural land cover (nonimpervious surfaces) of vegetation and water bodies available in the study area were masked to focus only on impervious surface classes. Furthermore, the authors of Ref. 45 proposed to mask vegetation before applying indices related to built-up extraction because utilizing the green and red spectral bands would significantly enhance vegetation, along with the built-up area. The normalized difference vegetation index was utilized via Eq. (3) to extract vegetation in an image. The index identifies vegetation based on positive values instead of the remaining pixels. 18 These values are used to create a mask band by setting a threshold for nonvegetative land cover before applying the spectral indices.
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To exclude water bodies in an imagery, the normalized difference water index (NDWI) developed in Ref. 46 was applied as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 1 1 6 ; 3 0 7
The exclusion of water bodies is required because they can possibly influence the detection of metal roofing conditions given the low visible wavelength reflectance of water compared with impervious surfaces. 16 Therefore, NDWI assists in diminishing the effect of water and enhancing the impervious surfaces in the image. In this study, implementing the spectral indices in imagery was achieved by using the band math tool in ENVI 4.8 Software.
NDCCI and NDMCI classification
During the implementation of the spectral indices in a WV-3 image, spectral transformation will result as an individual band known as the index band. Thus, the natural break (Jenks) technique was applied to measure reflectance sensor values, which represented particular impervious surfaces available in the image. This technique groups the classes of impervious surfaces based on an index value. In this study, the NDCCI and NDMCI indices applied the natural break (Jenks) method available in ArcGIS Software to determine the threshold value for the classes by slicing the index range into three discrete classes, namely, new roofs, weathered roofs, and other impervious surfaces.
The natural break (Jenks) optimization method was developed in Ref. 47 and is widely used in statistical mapping. It is also used as a classification scheme to classify index data according to respective ranges in remote sensing applications. This technique operates by grouping data through the identification of data break points. The class breaks are defined according to similar and different values between classes. Therefore, this method provides the advantage of classifying index range data because it minimizes variation within class and maximizes variation between classes. 47, 48 To find the optimal break for each class, the natural break (Jenks) technique operates iteratively to find the class break, which provides the smallest inclass variance. 49 The calculation of the break can be summarized as follows:
Step 1: calculate the sum of squared deviations between classes (SDBC).
Step 2: calculate the sum of squared deviations from the class mean, i.e., SDMC = (sum of squared deviations from the array mean (SDAM) − SDBC).
Step 3: identify which class has the largest and least squared deviations. One unit from the largest SDBC class will be moved toward the class with the lowest SDBC.
Step 4: the steps are repeated until optimization is achieved, which can be defined by the goodof-variance fit (GVF) value.
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where d is the lowest total squared deviations, and D is the squared deviation of the data set. Therefore, if the GVF value is closer to 1, then it indicates better fit of class break.
Pixel-Based Support Vector Machine Classification
This study compared the efficiency of the developed spectral indices with a supervised pixelbased classification scheme to detect roof conditions. Therefore, supervised SVM classification was applied to the WV-3 data. The SVM algorithm was developed in Ref. 50 based on statistical learning theory. The efficiency of this algorithm during image classification was discussed in Ref. 51 , which determined that the SVM classification technique could produce robust results during remote sensing image classification. The present study implements the SVM classification radial basis function (RBF) using ENVI Software. The classification was executed by defining the training site representing different classes of roofing conditions and impervious surfaces. However, the RBF parameters must be optimized to produce accurate results. 52 The C and γ parameters in this study were optimized using a grid-search technique. The obtained optimal parameters include C ¼ 0.5 and γ ¼ 0.0078, which are used for the classification processes.
Accuracy Assessment
The accuracy of the spectral indices NDCCI and NDMCI was assessed based on identified points using a stratified random sampling obtained from a field visit and visual inspection of WV-3 images. The test points were randomly distributed across the study area to avoid bias. A confusion matrix technique was used to assess overall accuracy, producer accuracy, user accuracy, and a kappa value. 53, 54 The result was compared with the accuracy obtained by the normal pixel-based SVM classification, which used a similar random sample test set to assess accuracy.
Results

Band Ratio
The initial phase of developing indices is to find a suitable band ratio, i.e., sensitive to distinguishing different conditions of roofing materials. OIF was used to evaluate the most effective band ratio because of the exhaustive number of developed band ratios (36 for SVM and RF, and 55 for GA). The result of the band ratio with the highest OIF values associated with the condition status of concrete roofing materials is presented for each algorithm in Table 2 . The results indicate that the GA-generated band ratio produces the highest OIF value of 0.017 compared with the band ratios generated by SVM (0.0087) and RF (0.015). Therefore, the ratio of 526/770 nm is considered the most effective band ratio, i.e., sensitive to concrete roofing conditions. The result indicates that the application of band ratio to WV-3 can be described as green band/NIR1 band based on the location of the wavelengths in the WV-3 spectral band, where the wavelength of 526 nm is located at the green band, whereas 770 nm was located at the NIR1 band. The most effective band ratio identified was then used as input to develop NDCCI.
A similar method was used to identify the most informative band ratio for metal roof conditions. A total of 45 possible band ratios were generated using SVM, six band ratios were generated using RF, and no band ratio was generated using GA because the significant wavelengths are located in the SWIR region, which is outside the WV-3 spectral range used in this study. As shown in the result presented in Table 3 , the highest OIF value was produced by the band ratio generated using significant wavelengths from the RF selection algorithm, with 0.091, compared with the band ratio generated by SVM, which results in an OIF value of −0.075. Hence, the most effective band ratio for detecting metal roof conditions is 743/753 nm. When this ratio is applied to WV-3, the wavelength is located at the red edge band for 743 nm and the NIR1 band for 753 nm. Therefore, the most effective band ratio for mapping the conditions of metal roofing materials is red edge band/NIR1 band.
NDCCI and NDMCI Development and Application
This study used the normalized difference index technique to develop an index for the condition assessment of concrete and metal roofing materials using the most informative band ratio as the input. The generated index band will be used to monitor roof conditions on the scale of VHR satellite imagery for an efficient use of the developed indices. Applying spectral indices to the image has resulted in a transformation process that creates an index band, which can differentiate classes based on various ranges of the index value. 20 
Normalized difference concrete condition index
The ratio was subsequently expressed as a normalized difference index defined by Eq. (5) based on the most informative band combinations selected for detecting concrete roof conditions. The extraction result of concrete roof conditions using NDCCI is shown in Fig. 4 . A roof degradation status map was produced by applying the natural break (Jenks) classification based on the index range.
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The result of the break value is shown in Fig. 5 , which indicates three different classes: new concrete, weathered concrete, and nonconcrete impervious surfaces. The break value is represented by a blue line in the plot. The classes can be generally divided according to a significant gap in the histogram data values as shown in Fig. 5 . The result indicates that a significant drop occurs after the break value of 0.1922, 0.3264, and 0.5775. Moreover, an optimum break can be defined by ensuring maximum homogeneity within groups and maximum heterogeneity between groups. This break can be observed within the range of 0.1922 to 0.3264, which are primarily clustered values with histogram frequencies of 6000 to 8000. Meanwhile, class breaks of −1 to 0.1922 and 0.3264 to 0.5775 clustered most of the data values, which have a frequency, i.e., significantly <6000 to optimize heterogeneity between groups.
The index value for each of the classes generated by NDCCI is presented in Table 4 . The result shown in Fig. 4 indicates that the index values used are able to identify new and weathered concrete conditions, as well as distinguish concrete roofing surfaces from nonconcrete impervious surfaces, such as roads and other roofing materials.
Normalized difference metal condition index
The optimum band ratios that utilized the red edge band and the NIR1 band were used to identify new and weathered metal roof conditions based on the OIF values presented in Table 3 . The metal roof condition assessment index was developed from Eq. (6). A classification was applied to the index image, and the result is presented in Fig. 6 . The result generated using NDMCI shows that the developed spectral index can be used to map different conditions of metal roofs and nonmetal impervious surfaces, such as roads and other types of roofing materials, based on the produced index values.
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 1 1 6 ; 1 0 2 The result from the natural break (Jenks) classification has identified that the class break of 0.0916 is useful for extracting a new metal roof. Meanwhile, the class break of 0.9588 can be used to detect a weathered metal roof, whereas 0.2216 represents the class break for nonmetal impervious surfaces. The optimization of class break, which distinguishes the three classes obtained from the histogram, is shown in Fig. 7 and indicated by a blue line. As shown in the figure, index values ranging from 0.0196 to 0.2216 have clustered data with primarily high histogram frequency of above 1000. Meanwhile, the first cluster of class marked by a class break of 0.0196 has grouped the index values with a lower histogram frequency below 1000. A similar pattern is shown by class within the range of 0.2216 to 0.9588 that clustered significantly with a lower histogram frequency, thereby describing the separation of three distinct classes: new metal, weathered metal, and nonmetal impervious surfaces. The result of the index values range for detecting metal roof conditions via the application of NDMCI is summarized in Table 5 .
Support Vector Machine Classification
Spectral index performances were compared with the pixel-based classification scheme using the SVM classification algorithm. Two SVM classification maps were produced, which illustrate concrete and metal roof conditions. The concrete condition results of SVM classification are presented in Fig. 8(a) , whereas the metal condition results are presented in Fig. 8(b) .
Comparison of Spectral Indices Classification with Support Vector Machine Classification
Accuracy assessments of the developed indices were performed based on the stratified random sampling method. A confusion matrix was calculated based on random sample points to obtain overall accuracy, as shown in Table 5 , for NDCCI and SVM classification of concrete roof conditions, whereas Table 6 presents NDMCI and SVM classification of metal roof conditions. The result of NDCCI accuracy assessment shows that the producer accuracy of nonconcrete impervious surfaces is lower than those of other new concrete and weathered concrete by 74.67%, as shown in Table 6 . This low accuracy is attributed to the misclassification between red concrete and red metal roof types caused by similar spectral responses in the visible spectral region. However, a high accuracy of 100% was obtained when classifying a new condition of concrete roof. The producer accuracy for weathered concrete was recorded at 85% because of misclassification with the new concrete class. Meanwhile, the classification produced by the SVM pixel-based classifier suggested that nonconcrete impervious surfaces produced a higher misclassification result compared with other classes, with an accuracy of 52%. Therefore, the difficulty of classifying different impervious surfaces is described based only on training pixels, given that particular materials exhibit nearly similar spectral signatures. 22, 34 However, high producer accuracy was obtained for new concrete and weathered concrete classes, thereby indicating the capability of the SVM classifier to classify within-class roofing conditions based on training pixels. Table 7 shows that NDMCI misclassifications mainly occur between weathered metal with bright paint and new metal that appears bright in the image. Higher accuracy was obtained when classifying weathered metal roof conditions (98.89%). Overall, a lower misclassification error occurred when classifying metal roof conditions using NDMCI, which recorded an accuracy of 94.17%. On the basis of the result, asbestos material was further misclassified with new concrete because it displayed a bright color, which was particularly evident for new asbestos roofs, thereby resulting in a producer accuracy of 92.5% for nonmetal impervious surfaces. Comparing the result of NDMCI with that of SVM classification, the latter produced a significantly lower overall accuracy of 62.5%. New and weathered conditions of metal roofs were further observed to mostly exhibit misclassification with nonmetal impervious surfaces, thereby resulting in a producer accuracy of 57.33% for new metal and 46.67% for weathered metal. The findings illustrate the issues of mapping metal roofing materials using only training pixels in a heterogeneous environment that consists of different types of roofing materials and impervious surfaces. Thus, the result of the SVM classification for metal roof conditions highlights the necessity to select significant wavelengths sensitive to metal roof conditions to discriminate it from other roofing materials. In general, the produced overall accuracy is still high, with NDCCI yielding an accuracy of 84.44% and NDMCI producing an accuracy of 94.17%.
Discussion
Capability of two spectral indices of NDCCI and NDMCI was examined to identify different conditions of concrete and metal roofing materials. Ratio of significant wavelengths of 526 and 770 nm was used for developing index for NDCCI while 743 and 753 nm was used for developing NDMCI. The location of the wavelengths as shown in Fig. 9 has shown the location of the significant wavelengths used in this study for index development. According to Ref. 37 , effective band ratio was indicated by significant wavelengths that could describe significant difference in the shape of spectral signature. Therefore, based on the visual observation, the locations of the significant wavelengths obtained are aligned with the hypothesis that effective band ratio will utilize the spectral band that shows higher absorption and higher reflectance as shown in Fig. 9 .
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NDCCI used a significant wavelength of 546 nm, which is located at the region with higher absorbance in weathered concrete and high reflectance for new concrete. However, a wavelength of 770 nm shows absorbance in new concrete while reflectance occurred in weathered concrete [ Fig. 9(a) ]. Significant wavelengths of 743 and 753 nm delineate different metal conditions clearly located at higher reflectance of new metal and high absorption of weathered metal [ Fig. 9(b) ], hence, explaining the superior accuracy obtained for NDMCI classification with 94.17% compared to NDCCI, which yields 84.44%. The finding also describes the importance of selecting significant wavelengths in order to produce effective spectral indices for materials detection. The capabilities of two spectral indices, namely, NDCCI and NDMCI, were examined to identify different conditions of concrete and metal roofing materials. Ratios of significant wavelengths of 526 and 770 nm were used to develop the index for NDCCI, whereas 743 and 753 nm were used to develop NDMCI. The location of the wavelengths presented in Fig. 8 indicates the location of the significant wavelengths used in this study for index development. In Ref. 37 , effective band ratio was indicated by significant wavelengths that could describe a significant difference in the shape of a spectral signature. Accordingly, on the basis of the visual observation, the locations of the obtained significant wavelengths are aligned with the hypothesis that an effective band ratio will utilize spectral bands, which present high absorption and high reflectance as observed in Fig. 8 . 38 NDCCI used a significant wavelength of 546 nm, which is located at a region with higher absorbance in weathered concrete and high reflectance for new concrete. However, a wavelength of 770 nm shows absorbance in new concrete while reflectance occurred in weathered concrete. Significant wavelengths of 743 and 753 nm, which delineate different metal conditions, are clearly located at a high reflectance of new metal and high absorption of weathered metal. Thus, this finding explains the superior accuracy obtained for NDMCI classification (94.17%) compared with NDCCI (84.44%). The finding also describes the importance of selecting significant wavelengths to produce effective spectral indices for material detection.
The accuracies of the classification generated via spectral indices and via SVM pixel-based classification were assessed to evaluate the performance of the developed spectral indices against the traditional classification method. The overall accuracy for concrete condition for NDCCI is 84.44%, whereas that for SVM is 73.06%. In terms of metal condition classification, NDMCI yields an accuracy of 94.17% compared with 62.50% for SVM. In summary, spectral index classification performed better than SVM classification, which used training pixels to execute image classification. Therefore, the result signifies the feasibility of using spectral indices to extract the degradation status of roofing materials in a simple and time-effective manner.
The efficiency of the spectral index applied to WV-3 has illustrated the capability of mapping roofing materials and conditions using affordable satellite data and overcoming the problem of limited spectral band reported in Refs. 55 and 56. Previous research 56 conducted asbestos mapping using hyperspectral data. The findings of the present study have highlighted the issue of misclassification, which occur because of the complex geometric shapes of roofs, thereby causing mixed spectra. The classification of several types of roofing materials using airborne laser scanning and WV-2 data was also performed in Ref. 57 to improve roof classification accuracy. However, the accuracy recorded for metal roof conditions was significantly low (34.5%) compared with 60.5% for the conventional pixel-oriented and object-oriented approach. This study suggests that a different roof surface illumination significantly affects roof classification. Therefore, the spectral index technique used in this study provides the advantage of independence from geometry, illumination, and size of roof, 56 which has been highlighted in previous studies.
Conclusion
This study explored the potential of using field spectroscopy data to develop multispectral imagery indices, which can be applied to mapping roofing material condition status. Spectral indices were developed by identifying significant wavelengths, which differentiated new and weathered roofing materials using a feature-selection methodology. NDCCI and NDMCI were developed to identify the conditions of concrete and metal roofing materials. A classification was applied based on an index range value, and achieved an overall NDCCI accuracy of 84.44% and an NDMCI accuracy of 94.17%. These accuracies were then compared with that of SVM classification. The comparison results suggest that the developed indices are more accurate and efficient than the SVM scheme. The indices can be effectively applied to heterogeneous urban areas because they can differentiate between different impervious surface classes. However, the indices can be further improved, particularly with regard to roofing material condition status and within-class impervious surface classification. The developed indices can be used in urban and environmental studies of various scales because of their accuracy and efficiency compared with the conventional method.
